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Abstract— Semantic segmentation of remote sensing images
plays an important role in a wide range of applications, including
land resource management, biosphere monitoring, and urban
planning. Although the accuracy of semantic segmentation in
remote sensing images has been increased significantly by deep
convolutional neural networks, several limitations exist in stan-
dard models. First, for encoder–decoder architectures such as
U-Net, the utilization of multiscale features causes the underuse
of information, where low-level features and high-level features
are concatenated directly without any refinement. Second, long-
range dependencies of feature maps are insufficiently explored,
resulting in suboptimal feature representations associated with
each semantic class. Third, even though the dot-product attention
mechanism has been introduced and utilized in semantic segmen-
tation to model long-range dependencies, the large time and space
demands of attention impede the actual usage of attention in
application scenarios with large-scale input. This article proposed
a multiattention network (MANet) to address these issues by
extracting contextual dependencies through multiple efficient
attention modules. A novel attention mechanism of kernel atten-
tion with linear complexity is proposed to alleviate the large
computational demand in attention. Based on kernel attention
and channel attention, we integrate local feature maps extracted
by ResNet-50 with their corresponding global dependencies and
reweight interdependent channel maps adaptively. Numerical
experiments on two large-scale fine-resolution remote sensing
datasets demonstrate the superior performance of the proposed
MANet. Code is available at https://github.com/lironui/Multi-
Attention-Network.

Index Terms— Attention mechanism, fine-resolution remote
sensing images, semantic segmentation.
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I. INTRODUCTION

SSEMANTIC segmentation of remote sensing images
(i.e., the assignment of definite categories to groups of

pixels in an image) plays a crucial role in a wide range
of applications, such as land resources management, yield
estimation, and economic assessment [1]–[5].

Vegetation indices are commonly used features extracted
from multispectral and hyperspectral images to characterize
land surface physical properties. The normalized difference
vegetation index (NDVI) [6] and soil-adjusted vegetation index
(SAVI) [7] highlight vegetation over other land resources,
whereas the normalized difference bareness index (NDBaI) [8]
and the normalized difference bare land index (NBLI) [9]
emphasize bare land. The normalized difference water index
(NDWI) [10] and modified NDWI (MNDWI) [11] indicate
water. These indices have been developed and applied widely
in the remote sensing community. Meanwhile, different clas-
sifiers have been designed from diverse perspectives, from
traditional methods such as logistic regression [12], dis-
tance measures [13], and clustering [14] to more advanced
machine learning methods such as the support vector machine
(SVM) [15], random forest (RF) [16], and artificial neural
networks (ANNs) [17], including the multilayer perception
(MLP) [18]. These classifiers depend critically on the qual-
ity of features that are extracted for pixel-level land cover
classification. However, this high dependence on handcrafted
descriptors restricts the flexibility and adaptability of these
traditional methods [19].

Deep learning (DL), a powerful approach to capture non-
linear and hierarchical features automatically, has had a sig-
nificant impact on various domains such as computer vision
(CV) [20], natural language processing (NLP) [21], and auto-
matic speech recognition (ASR) [22]. In the field of remote
sensing, DL methods have been introduced and implemented
for land cover and land use classification [23], [24]. Compared
with vegetation indices, which are based on physical and
mathematical concepts and hand-coded from spectral bands
only, DL methods can mine different kinds of information
including temporal periods, spectra, spatial context, and the
interactions among different land cover categories [25].

For remotely sensed semantic segmentation, fully convo-
lutional network (FCN)-based methods [26] and encoder–
decoder architectures, such as SegNet [27] and U-Net [28],
have been adopted widely. Generally, the FCN-based archi-
tectures comprise a contracting path that extracts information
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from the input image and generates high-level feature maps,
and an expanding path, where high-level feature maps are
utilized to reconstruct the mask for pixelwise segmentation
by the single [26] or multilevel [28], [29] upsampling proce-
dures. Despite their powerful representation capability, how-
ever, information flow bottlenecks limit the potential of these
multiscale approaches [30]. For example, the low-level and
fine-grained detailed feature maps generated by the encoder
are concatenated with high-level and coarse-grained semantic
information generated by the decoder without any further
refinement, leading to inadequate exploitation and deficient
discrimination of features. Besides, the discriminative ability
of the feature representations might be insufficient for chal-
lenging tasks, such as semantic segmentation of fine spatial
resolution remote sensing images.

The utilization of context fusion at multiple scales is
a feasible solution [31]–[37], increasing the discriminative
power of feature representations. The multiscale context infor-
mation can be aggregated using techniques, such as atrous
spatial pyramid pooling (ASPP) [31], [32], pyramid pool-
ing module (PPM) [33], or context encoding module [35].
Although context captured by the above strategies is beneficial
to characterizing objects at different scales, the contextual
dependencies for whole input regions are homogeneous and
nonadaptive, without considering the disparity between con-
textual dependencies and local representation of different cate-
gories. Furthermore, these multiscale context fusion strategies
are designed manually, with limited flexibility in modeling
multicontext representations. The long-range dependencies of
feature maps are insufficiently leveraged in these approaches,
which may be of paramount importance for remotely sensed
semantic segmentation.

With strong capabilities to capture long-range dependencies,
dot-product attention mechanisms have been applied in vision
and NLP tasks. The dot-product-attention-based transformer
has demonstrated state-of-the-art performance in a majority of
tasks in NLP [21], [38]–[40]. The nonlocal module [41], a dot-
product-based attention modified for CV, has shown great
potential in image classification [42], object detection [43],
semantic segmentation [44], and panoptic segmentation [45].

Utilization of the dot-product attention mechanism often
comes with significant memory and computational costs,
which increases quadratically with the size of the input over
space and time. It remains an intractable problem to model
global dependence on large-scale inputs, such as video, long
sequences, and fine-resolution images. To alleviate the sub-
stantial computational requirement, Child et al. [46] designed
a sparse factorization of the attention matrix and reduced
the complexity from O(N2) to O(N

√
N). Using locality

sensitive hashing, Kitaev et al. [47] reduced the complexity
to O(N log N). Katharopoulos et al. [48] represented self-
attention as a linear dot-product of kernel feature maps to
further reduce the complexity to O(N), and Shen et al. [49]
modified the position of the softmax functions.

In this article, by comparison, we not only dramatically
decrease the complexity but also amply exploit the potential of
the attention mechanism by designing a multilevel framework.
Specifically, we reduce the complexity of the dot-product

attention mechanism to O(N) by treating attention as a
kernel function. As the complexity of attention is reduced
dramatically by kernel attention, we propose a multiattention
network (MANet) with a ResNet-50 backbone, which explores
the complex combinations between attention mechanisms and
deep networks for the task of semantic segmentation using
fine-resolution remote sensing images. The performance of
the proposed algorithm is compared comprehensively with
various benchmarks. The major contributions of this research
are twofold: 1) a novel attention mechanism involving ker-
nel attention with linear complexity is proposed to alleviate
the huge computational demand from attention module and
2) we propose a novel MANet with a multiscale strategy
to aggregate relevant contextual features hierarchically. The
MANet extracts global contextual dependencies using multik-
ernel attention.

II. RELATED WORK

A. Attention Inspired by Human Perception

Due to the overwhelming computational requirement for
perceiving surrounding scenes with detail equivalent to foveal
vision, the selective visual attention endows humans with the
ability to orientate rapidly toward salient objects in a sophis-
ticated visual scene [50] and choose a subset of the available
perceptual information before further processing. Inspired by
the human attention mechanism, substantial algorithms have
been developed over the last few decades [51]–[53].

Recently, a very large number of domains have been influ-
enced significantly by the wave of DL, which emphasizes end-
to-end hierarchical feature extraction in an automatic fashion.
Integration of DL with the attention mechanism has great
potential to transform the paradigm in this field. Attention
in DL could be regarded as a weighted combination of the
input feature maps, where the weights are hinged on the
similarities between elements of the input [54]. Given that
kernel learning [55] processes all inputs simultaneously and
order independently by computing the similarity between the
inputs, attention could be interpreted as a kernel smoother [56]
applied over the inputs in a sequence, where the kernel
evaluates the similarity between different inputs. The formulas
and mathematical proofs can be found in [54].

B. Dot-Product Attention Mechanism

To enhance word alignment in machine translation,
Bahdanau et al. [57] proposed the initial formulation of the
dot-product attention mechanism. Subsequently, recurrences
are entirely replaced by attention in the transformer [40].
State-of-the-art records in most NLP tasks demonstrate
the superiority of attention mechanisms amongst others.
Wang et al. [41] modified dot-product attention for CV
and proposed the nonlocal module. This method has been
developed and applied to many tasks of CV, including image
classification [42], object detection [43], semantic segmenta-
tion [44], and panoptic segmentation [45]. These successful
applications demonstrated further the effectiveness and general
utility of attention mechanisms.
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C. Scaling Attention Mechanism

Besides dot-product attention, there exists another set of
techniques for scaling attention (or simply attention) in the
literature. Unlike dot-product attention that models global
dependence, scaling attention reinforces informative features
and whittles information-lacking features. In the squeeze-and-
excitation (SE) module [58], a global average pooling layer
and a linear layer are harnessed to calculate a scaling factor for
each channel, and then, the channels are weighted accordingly.
The convolutional block attention module (CBAM) [59] and
selective kernel unit (SK unit) further boost the SE block’s
performance. The principles and purposes of dot-product atten-
tion and scaling attention are entirely divergent. This article
focuses on dot-product attention due to its superiority in many
CV and pattern recognition tasks.

D. Semantic Segmentation

FCN-based methods have brought tremendous progress
and evolution in semantic segmentation. DilatedFCN and
EncoderDecoder are two prominent directions followed by
FCN. In DilatedFCNs [31]–[36], [60], dilate or atrous con-
volutions are harnessed to retain the receptive field-of-view,
and a multiscale context module is utilized to cope with high-
level feature maps. Alternatively, EncoderDecoders [28], [29],
[61]–[66] utilize an encoder to capture multilevel feature maps,
which are then incorporated into the final prediction using a
decoder.

1) DilatedFCN: The dilated or atrous convolution [34], [60]
has been demonstrated to be an effective technology for
dense prediction and has achieved high accuracy in semantic
segmentation. In DeepLab [31], [32], the ASPP, comprised
of parallel dilated convolutions with diverse dilated rates,
is able to embed context information, while the PPM enables
PSPNet [33] to incorporate the contextual prior among dif-
ferent scales. Alternatively, EncNet [35] utilizes a context
encoding module to exploit global context information. Fast-
FCN [36] further replaces the dilated convolutions with a joint
pyramid upsampling (JPU) module to reduce computational
complexity. To extract abundant contextual relationships,
a dot-product attention mechanism is attached to the dual-
attention network (DANet) [44]. For further differentiating
the same-object-class contextual pixels from the different-
object-class contextual pixels, the object-contextual represen-
tation (OCR) module is elaborated by the OCRNet [67].

2) EncoderDecoder: Skip connections are employed to
integrate the high-level features generated by the decoder
and the low-level features generated by the corresponding
encoder, which are the essential structure of U-Net [28]. In the
recent literature [61]–[63], the plain skip connections in U-Net
are substituted by more subtle and elaborate skip connec-
tions, which reduces the semantic gap between the encoder
and the decoder. Meanwhile, the structural development
based on residual connections is also a promising direction
[25], [64]–[66]. Taking DeepLab V3 as the encoder, DeepLab
V3+ [32] combined the merits of DilatedFCN and EncoderDe-
coder in a single framework.

E. Attention-Based Networks for Semantic Segmentation

Based on dot-product attention as well as its variants,
various attention-based networks have been proposed to
cope with the semantic segmentation task. Inspired by
the nonlocal module [39], the double attention networks
(A2-Net) [68], DANet [44], pointwise spatial attention network
(PSANet) [69], object context network (OCNet) [70], and
co-occurrent feature network (CFNet) [71] were proposed for
scene segmentation by exploring the long-range dependence.

The computing resource required by dot-product attention
modules is normally huge, which severely limits the applica-
tion of attention mechanisms. Therefore, substantial research
studies have been implemented, which aims to alleviate the
bottleneck to efficiency and push the boundaries of attention,
including accelerating the generation process of the attention
matrix [67], [72]–[74], pruning the structure of the atten-
tion block [75], and optimizing attention based on low-rank
reconstruction [76].

Meanwhile, another burgeoning research area for semantic
segmentation is how to embed the dot-product attention into
a graph convolutional network (GCN) and optimize the com-
plexity of the attention [77]–[81].

III. METHODOLOGY

A. Definition of Dot-Product Attention

Supposing that N and C denote the length of input
sequences and the number of input channels, respectively,
where N = H × W , and H and W denote the height
and width of the input, respectively, given a feature X =
[x1, x2, . . . , xN ] ∈ R

N×C , dot-product attention utilizes three
projected matrices Wq ∈ R

Dx ×Dk to generate the correspond-
ing query matrix Q, key matrix K , and value matrix V as

Q = XWq ∈ R
N×Dk

K = XWk ∈ R
N×Dk

V = XWv ∈ R
N×Dv (1)

where D(·) means the dimension of (·). Please note that the
shapes of Q and K are supposed to be identical. Therefore,
we use the same symbol to represent their shapes.

A normalization function ρ evaluates the similarity between
the i th query feature qT

i ∈ R
Dk and the j th key feature

k j ∈ R
Dk by ρ(qT

i k j) ∈ R
1. Please note that the vectors

in this article default to column vectors. Generally, as the
query feature and key feature are generated by diverse lay-
ers, the similarities between ρ(qT

i k j ) and ρ(qT
j ki) are not

symmetric. By calculating the similarities between all pairs
of positions and taking the similarities as weights, the dot-
product attention module computes the value at position i
by aggregating the value features from all positions based on
weighted summation

D( Q, K , V ) = ρ( Q K T )V . (2)

The softmax is a standard normalization function as

ρ( QK T ) = softmaxrow( QK T ) (3)

Authorized licensed use limited to: Universidad Tecnologica de Pereira. Downloaded on April 26,2022 at 11:47:10 UTC from IEEE Xplore.  Restrictions apply. 



5607713 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

Fig. 1. Illustration of the architecture of dot-product attention mechanism.

where softmaxrow indicates the application of the softmax
function along each row of the matrix Q K T . ρ( Q K T ) models
the similarities between all pairs of positions. However, as Q ∈
R

N×Dk and K T ∈ R
Dk ×N , the product between Q and K T

belongs to R
N×N , leading to O(N2) memory complexity and

O(N2) computational complexity. As a consequence, the high
resource demand of the dot-product critically limits its appli-
cation to large-scale inputs. One way to solve this problem
is to modify the softmax [49], and another is to rethink the
attention via the lens of the kernel. An illustration of the
architecture for the dot-product attention mechanism is shown
in Fig. 1, which captures the long-range context information
from feature maps generated by the ResNet backbone and
adds the refined features with the original input by the skip
connection.

B. Generalization of Dot-Product Attention Based on Kernel

Under the condition of the softmax normalization function,
the i th row of the result matrix generated by the dot-product
attention module [see (2)] can be written as

D( Q, K , V )i =
∑N

j=1 eqi k j v j
∑N

j=1 eq i k j
. (4)

From (4), we can see that the essence of the dot-product
attention mechanism is to averagely weigh the value matrix
V by eq i k j , where sim(qi k j ) = eqi k j measures the similarity
between the key matrix K and the query matrix Q. Therefore,
we can replace the softmaxrow function to a generic form,
thereby generalizing (4) as

D( Q, K , V )i =
∑N

j=1 sim(qi k j )v j
∑N

j=1 sim(q i k j)
, sim(q i k j) ≥ 0 (5)

where sim(qi k j ) indicates the function calculating the sim-
ilarity between q i and k j . If sim(q i k j ) = eqi k j , (5) is
equivalent to (4). Also, sim(qi k j ) can be further expanded
as sim(qi k j ) = φ(q i)

T ϕ(k j ), where φ(·) and ϕ(·) can be
considered as kernel smoothers [54] if φ(·) = ϕ(·). Accord-
ingly, the corresponding inner product space can be defined
as �φ(q i ), ϕ(k j)�.

Equation (4) can then be further rewritten as

D( Q, K , V )i =
∑N

j=1 φ(q i )
T ϕ(k j)v j

∑N
j=1 φ(q i)

T ϕ(k j )
(6)

Fig. 2. Details of the CAM.

which can be simplified as

D( Q, K , V )i = φ(q i )
T

∑N
j=1 ϕ(k j)v j

φ(q i)
T

∑N
j=1 ϕ(k j)

. (7)

K ∈ R
Dk ×N and V T belong to R

Dk×Dv , which reduces
the complexity of the dot-product attention mechanism
considerably.

C. Kernel Attention Mechanism

We take φ(·) = ϕ(·) = softplus(·), where

softplus(x) = log(1 + ex). (8)

The reason why we select softplus(·) instead of ReLU(·) is
that the nonzero property of the softplus enables the attention
to avoid zero gradients when the input is negative. Then,
the similarity function can be embodied as

sim(qi k j ) = softplus(qi )
T softplus(k j) (9)

thereby rewriting (5) as

D( Q, K , V )i = softplus(qi )
T

∑N
j=1 softplus(k j )v

T
j

softplus(qi )
T

∑N
j=1 softplus(k j )

(10)

which can be further written in a vectorized form as

D( Q, K , V ) = softplus( Q)softplus(K )T V

softplus( Q)
∑

j softplus(K )T
i, j

. (11)

As
∑N

j=1 softplus(k j)v
T
j and

∑N
j=1 softplus(k j) can be cal-

culated and reused for each query, the time and memory com-
plexity of the proposed kernel attention mechanism (KAM)
based on (11) are O(N) only.
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Fig. 3. Structure of (a) proposed MANet, (b) attention block, (c) ResBlock, and (d) DeBlock.

D. Multiattention Network

For the spatial dimension, as the computational complexity
of the dot-product attention mechanism exhibits a quadratic
relationship with the size of the input (N = H × W ),
we design a KAM. For the channel dimension, the number
of input channels C is normally far less than the number of
pixels contained in the feature maps (i.e., C ≤ N). There-
fore, the complexity of the softmax function for channels,
i.e., O(C2), is not large according to (3). Thus, we utilize
the channel attention mechanism (CAM) based on the dot
product [44], named CAM (see Fig. 2). Like the dot-product
attention mechanism, there exists a residual connection in
the KAM and CAM, adding output with the input features
directly. Using the KAM and CAM that model the long-
range dependencies of positions and channels, respectively,
we design an attention block to enhance the discriminative
ability of feature maps extracted by each layer. Features
generated by the ResBlock are fed into the KAM and CAM to
refine the information in positions and channels, respectively.
Thereafter, the refined feature maps are added directly to
obtain the output of the corresponding attention block whose
structure can be seen in Fig. 3(b).

The structure of the proposed MANet is shown in Fig. 3.
We harness ResNet-50 pretrained on ImageNet to extract
feature maps. Specifically, five feature maps at different scales
acquired from the outputs of [Conv, ResBlock-1, ResBlock-2,
ResBlock-3, ResBlock-4] are adopted. The lowest level fea-
ture Res-4 is upsampled directly by the DeBlock-4 that is
comprised of a 3 × 3 deconvolution layer with stride = 2 and

two 1 × 1 convolution layers before and after the deconvolu-
tion layer. The feature maps generated by ResBlocks are then
refined by corresponding attention blocks and added with the
upsampled lower feature maps. Subsequently, the fused fea-
tures are upsampled by the DeBlocks correspondingly. Finally,
the output of the last DeBlock is upsampled to the identical
spatial resolution of the input by employing a deconvolution
operation and fed into the final convolution layer to obtain the
predicted segmentation map.

IV. DATASET AND EXPERIMENTAL SETTING

A. Datasets

The effectiveness of the linear attention mechanism (LAM)
is tested using the ISPRS Potsdam dataset and the
ISPRS Vaihingen dataset (http://www2.isprs.org/commissions/
comm3/wg4/semantic-labeling.html). Please note that there
are two types of ground truth provided in the ISPRS datasets:
with and without eroded boundaries. We conducted all exper-
iments on the ground truth with eroded boundaries.

1) Vaihingen: The Vaihingen semantic labeling dataset
is composed of 33 images with an average size of
2494 × 2064 pixels and a GSD of 5 cm. The near-infrared,
red, and green channels together with digital surface model
(DSM) are provided in the dataset. There are 16 images in the
training set and 17 images in the test set. We exploited ID: 2, 4,
6, 8, 10, 12, 14, 16, 20, 22, 24, 27, 29, 31, 33, 35, and 38 for
testing, ID: 30 for validation, and the remaining 15 images
for training. We did not use the DSM in our experiments to
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reduce computation. Note that we use only the red, green, and
blue channels in our experiments. For training, we crop the
raw images into 512 × 512 patches and augmented them via
rotating on a random axis, resizing by a random scale, flipping
by the horizontal axis, flipping by the vertical axis, and adding
stochastic Gaussian noise. The probabilities to conduct those
augmentation strategies for a patch are set as 0.15, 0.15, 0.25,
0.25, and 0.1.

2) Potsdam: The Potsdam dataset contains 38 fine-
resolution images of size 6000 × 6000 pixels with a ground
sampling distance (GSD) of 5 cm. The dataset provides near-
infrared, red, green, and blue channels as well as DSM and
normalized DSM (NDSM). There are 24 images in the training
set and 14 images in the test set. Specifically, we utilize
ID: 2_13, 2_14, 3_13, 3_14, 4_13, 4_14, 4_15, 5_13, 5_14,
5_15, 6_13, 6_14, 6_15, and 7_13 for testing, ID: 2_10 for
validation, and the remaining 22 images, except image named
7_10 with error annotations, for training. The process of the
training dataset is identical to that for Vaihingen.

B. Evaluation Metrics

The performance of MANet on the three datasets is evalu-
ated by using the overall accuracy (OA), the mean intersection
over union (mIoU), and the F1 score (F1), which are computed
on the accumulated confusion matrix

OA =
∑N

k=1 TPk∑N
k=1 TPk + FPk + TNk + FNk

(12)

mIoU = 1

N

N∑

k=1

TPk

TPk + FPk + FNk
(13)

F1 = 2 × precision × recall

precision + recall
(14)

where TPk, FPk, TNk , and FNk indicate the true positive, false
positive, true negative, and false negatives, respectively, for
object indexed as class k. OA is calculated for all categories,
including the background.

C. Experimental Setting

We select ResNet-50 pretrained on ImageNet as the back-
bone for all comparative methods that are implemented with
PyTorch. The optimizer is set as the Adam with a 0.0003 learn-
ing rate and four batch sizes. All the experiments are imple-
mented on a single NVIDIA Tesla V100 GPU with 16-GB
RAM. The cross-entropy loss function is used as a quantitative
evaluation coupled with backpropagation to measure the dis-
parity between the achieved segmentation maps and the ground
reference

loss(p, y) = −y log(p) − (1 − y) log(1 − p) (15)

where p is the prediction generated by the network and y is
the ground reference.

V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Complexity of Kernel Attention

We analyze the efficiency merit of kernel attention over
dot-product attention in both memory and computation in

Fig. 4. (a) Computation and (b) memory requirements under different input
sizes. The blue and orange bars depict the resource requirements of the kernel
attention and dot attention, respectively. The calculation assumes D = Dv =
2Dk = 64. The figure is in log scale.

this section. Given a feature X = [x1, x2, . . . , xN ] ∈ R
N×C ,

both the dot attention and kernel attention will generate the
query matrix Q, key matrix K , and value matrix V .

For the dot attention, to compute the similarity using
softmax function, we have to generate the N × N matrix by
multiplying the transposed key matrix K and value matrix V ,
resulting in O(Dk N2) time complexity and O(N2) space
complexity. Thus, to compute the similarity between each pair
of positions, the dot attention would occupy at least O(N2)
memory and require O(Dk N2) computation.

For kernel attention, as the softmax function is substituted
for kernel smoothers, we can alter the order of the commuta-
tive operation and avoid multiplication between the reshaped
key matrix K and query matrix Q. Therefore, we can calcu-
late the product between softplus(K )T and V first and then
multiply the result and Q with only O(d N) time complexity
and O(d N) space complexity.

Dot attention and kernel attention are compared in terms
of resource consumption in Fig. 4. For a 64 × 64 × 64 input,
the kernel attention yields a 21-fold saving of memory
(69–3 MB) and an 89-fold saving of computation
(3 GMMACC–37 MMACC). With increasing input size,
the gap widens. For a 64 × 256 × 256 input, the dot attention
requires unreasonable memory (17 GB) and computation
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TABLE I

ABLATION STUDIES ON THE VAIHINGEN TEST SET

TABLE II

ABLATION STUDIES ON THE ON THE POTSDAM TEST SET

(829 GMACC), whereas the kernel attention utilizes
merely 1/340 memory (51 MB) and 1/1417 computation
(585 MMACC).

B. Ablation Study

In the proposed MANet, attention blocks are used to exploit
global contextual representations and enhance the capability
for feature extraction. To evaluate the performance of each
attention block, we conduct ablation experiments using differ-
ent settings listed in Tables I and II.

Table I shows the comparison of the ablation study on
the Vaihingen dataset, which demonstrates that the utiliza-
tion of attention blocks increases the accuracy significantly
compared with the baseline FCN with DeBlocks (ResNet-50),
particularly for small objects, i.e., the Car. Even using a
single attention block to enhance the context information could
gain at least 1.44% improvement in OA, 2.42% in mean
F1-score, and 3.77% in mIoU. Moreover, low-level attention
blocks contribute more than those in high levels as the former
contains rich context information. When all attention blocks
are attached, the remarkable 6.18% increase in OA, 5.63%
in mean F1-score, and 9.25% in mIoU are achieved. These
results demonstrate that our attention block brings significant
breakthrough to semantic segmentation by exploiting global
context information from different perspectives.

The ablation study results of the Potsdam dataset are
reported in Table II. The utilization of a single attention
block increases >2.50% in mean F1-score, 0.66% in OA, and
4.16% in mIoU, while the accuracy increase brought in by all
attention blocks is 4.60% in mean F1-score, 3.03% in OA, and
7.42% in mIoU.

To validate the effectiveness visually and qualitatively,
we present the comparison of the segmented features generated
by FCN and our MANet in Fig. 5. Due to the limited receptive
field, the FCN generates the category of a specific pixel in
consideration of its a few neighborhoods only, leading to visu-
ally fragmented maps and confusion of objects. By contrast,

Fig. 5. Comparison of segmentation maps generated by FCN and our MANe.
(a) and (b) Vaihingen dataset. (c)–(e) Potsdam dataset.

the proposed attention block can model the global dependence
of all pixels in the input features and capture the global
context information with enhanced segmentation accuracy.
In particular, the complex contour of the low vegetation is
preserved completely by our MANet [see Fig. 5(d)]. Mean-
while, the category of Car generated by the proposed MANet
is classified effectively and superior to the FCN, as shown
in Fig. 5(b) and (e).

C. Quantitative Comparison Diverse Methods

To further confirm the effectiveness of the proposed MANet,
we compare our method with state-of-the-art approaches pre-
sented in the literature. Specifically, the comparative methods
not only include the scaling attention mechanism i.e., SE
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TABLE III

QUANTITATIVE COMPARISON RESULTS ON THE VAIHINGEN TEST SET

TABLE IV

QUANTITATIVE COMPARISON RESULTS ON THE POTSDAM TEST SET

module [58] and CBAM [59], but also consider the simpli-
fied dot-product attention mechanism i.e., efficient attention
mechanism (EAM) [49], fast attention mechanism (FAM) [48],
and LAM [25]. Meanwhile, peer algorithms designed for
remote sensing images are taken into comparison, including
V-FuseNet [83], TreeUNet [85], DDCM-Net [82], EaNet [86],
and LANet [84]. Besides, several comparative networks pro-
posed for natural images are also taken into consideration,
including the DANet [44], which utilizes the conventional
dot-product attention mechanism and other receptive-field
enlarging, i.e., PSPNet [33] as well as DeepLabV3+ [31].
Furthermore, our results are compared against recent models
based on transformers, i.e., BotNet [87] and ResT [88].
For a fair comparison, all experiments are conducted under
the same setting for training and testing. All methods are
implemented based on the same ResNet-50 backbone, while
the FCN-based methods are equipped with DeBlocks. The
detailed segmentation accuracy on the Vaihingen dataset and
Potsdam dataset of each network is listed in Tables III and IV,
respectively.

1) Comparison With Scaling Attention: The scaling atten-
tion mechanisms are designed to reinforce informative features

TABLE V

COMPARISON WITH SCALING ATTENTION

and reduce information-lacking features, instead of capturing
global context information such as dot-product attention mech-
anism. Hence, the scale attention and dot-product attention
are not identical. In our experiments, we compare the perfor-
mance of our method with two well-verified scaling attention
mechanisms, i.e., SE module [58] and CBAM [59], and the
results are shown in Table V. As the CBAM [59] introduces
the extra channel scaling attention block compared with the
SE module [58], “+ CBAM” achieves higher accuracies
compared with “+ SE.” In contrast, our MANet extracts global
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TABLE VI

COMPARISON WITH SIMPLIFIED DOT-PRODUCT ATTENTION

TABLE VII

COMPARISON WITH OTHER COMPARATIVE NETWORKS

context correlation from the feature maps. Experimental results
demonstrate the superiority of our method compared with
scaling attention mechanism.

2) Comparison With Simplified Dot-Product Attention:
As both space and time consumption of the standard dot-
product attention mechanism increase quadratically with the
input size, several research works have devoted to simplify
the complexity of the attention mechanism, including the
EAM [49], the FAM [48], and the LAM [25]. As shown
in Table VI, the proposed KAM achieves the best accuracy
compared with other simplified dot-product attention mecha-
nism, due to the appropriate simplified scheme adopted.

3) Comparison With Other Comparative Networks: The
conventional dot-product attention mechanism is introduced in
DANet [44] to capture feature dependencies both in spatial and
channel dimensions, while PSPNet [33], DeepLabV3+ [31],
and EaNet [86] employ variants of spatial pyramid pool-
ing (SPP) to enlarge the receptive field. The proposed MANet
models the global context information in the input features
instead of expanding finite receptive fields by convolution
layers with different kernel sizes (e.g., SPP). Besides, we cap-
ture the context information in multilayers rather than in the
lowest layer only (e.g., DANet). Hence, the performance of
our MANet exceeds these comparative networks with a large
margin, which can be seen in Table VII.

D. Evaluation in Efficiency

We evaluate our KAM not only with the standard dot-
product attention mechanism but also the scaling attention

TABLE VIII

COMPARISON WITH OTHER COMPARATIVE NETWORKS

mechanism and the receptive-field-enlarging modules in terms
of the computation complexity measured with giga floating-
point operations per seconds (GFLOPs) (G), the number of
parameters measured with millions (M), as well as the memory
consumption measured with megabytes (MB). Note that we
evaluate the consumption of the modules with the cost of
3 × 3 convolution for dimension reduction, and we do not
consider the cost of backbone to ensure the fairness of the
comparison. As shown in Table VIII, for input in the size of
2048 × 128 × 128, our KAM requires 10× less GPU memory
usage and significantly reduces about 78% parameters and
computation complexity when compared with the DAB [44]
based on the dot-product attention mechanism. Besides, it can
be seen that our KAM is more efficient than other specially
designed modules when processing fine-resolution feature
maps.

E. Qualitative Analysis of the Segmentation Results

Examples of the predicted patches in the size of 1024 ×
1024 are shown in Figs. 6 and 7, where regions with obvious
improvement are highlighted by red boxes. Due to the loss
of spatial information, the segmentation maps generated by
FCN are ambiguous, particularly at the contour of objects.
The utilization of scaling attention mechanisms, i.e., SE [58]
and CBAM [59], brings limited accuracy increase. Although
receptive-field-enlarging networks, such as PSPNet [33] and
DeepLabV3+ [31], demonstrate enhanced segmentation in
confusing areas, the complex contour of the low vegetation
is not generated completely shown in Fig. 7. With attention
blocks extracting global context information in multilayers,
the proposed MANet not only reduces the incomplete and
irregular semantic objects but also better preserves the geomet-
ric details and complex contours. Specifically, the geometry of
buildings in Fig. 6 as well as the edges of the low vegetation
in Fig. 7 are preserved. Besides, there is a significant improve-
ment in preserving the boundaries and reducing fragmented
segments.

F. Discussion on the Attention Mechanism

Selective visual attention endows humans with the abil-
ity to orientate toward conspicuous objects over the visual
scene in a computationally efficient manner. Thus, the atten-
tion mechanism, inspired by the biological mechanism,
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Fig. 6. Qualitative comparisons (1024 × 1024 patches) between our method and baseline on the Vaihingen test set.

Fig. 7. Qualitative comparisons (1024 × 1024 patches) between our method and baseline on the Potsdam test set.

is intended as a computationally efficient structure with
configurable flexibility. By representing the concept of atten-
tion via the lens of the kernel [54], we design a kernel
attention module with O(N) complexity. The effectiveness and
efficiency of the proposed kernel attention are demonstrated
consistently across a wide range of quantitative experiments.
We envisage that the demonstrated resource efficiency will

encourage more pervasive and flexible combinations between
attention mechanisms and networks.

VI. CONCLUSION

This article proposes kernel attention to reduce the com-
plexity of the dot-product attention mechanism into O(N).
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By integrating kernel attention and ResNet-50, we design
an MANet comprised of a multiscale strategy to incorporate
semantic information at different levels, together with self-
attention modules to aggregate relevant contextual features
hierarchically. MANet exploits contextual dependencies over
local features producing increased accuracy and computational
efficiency. We implement a series of experiments involving
the complex task of semantic segmentation of fine-resolution
remote sensing images. MANet produces consistently the
best classification performance with the highest accuracy.
An extensive ablation study is conducted to evaluate the
impact of the individual components of the proposed frame-
work. Experimental results on ISPRS Vaihingen and Potsdam
datasets demonstrate that the performance of the proposed
framework greatly exceeds comparative benchmark methods.

REFERENCES

[1] W. Sun and R. Wang, “Fully convolutional networks for semantic
segmentation of very high resolution remotely sensed images com-
bined with DSM,” IEEE Geosci. Remote Sens. Lett., vol. 15, no. 3,
pp. 474–478, Mar. 2018.

[2] J. Zhang, L. Feng, and F. Yao, “Improved maize cultivated area esti-
mation over a large scale combining MODIS–EVI time series data and
crop phenological information,” ISPRS J. Photogramm. Remote Sens.,
vol. 94, pp. 102–113, Aug. 2014.

[3] C. Zhang et al., “Joint deep learning for land cover and land use
classification,” Remote Sens. Environ., vol. 221, pp. 173–187, Feb. 2019.

[4] D. Sulla-Menashe, J. M. Gray, S. P. Abercrombie, and M. A. Friedl,
“Hierarchical mapping of annual global land cover 2001 to present:
The MODIS collection 6 land cover product,” Remote Sens. Environ.,
vol. 222, pp. 183–194, Mar. 2019.

[5] C. Zhang, P. A. Harrison, X. Pan, H. Li, I. Sargent, and P. M. Atkinson,
“Scale sequence joint deep learning (SS-JDL) for land use and land
cover classification,” Remote Sens. Environ., vol. 237, Feb. 2020,
Art. no. 111593.

[6] C. J. Tucker, “Red and photographic infrared linear combinations
for monitoring vegetation,” Remote Sens. Environ., vol. 8, no. 2,
pp. 127–150, May 1979.

[7] A. R. Huete, “A soil-adjusted vegetation index (SAVI),” Remote Sens.
Environ., vol. 25, no. 3, pp. 295–309, Aug. 1988.

[8] H. Zhao and X. Chen, “Use of normalized difference bareness index
in quickly mapping bare areas from TM/ETM+,” in Proc. Int. Geosci.
remote Sens. Symp., vol. 3, 2005, p. 1666.

[9] H. Li et al., “Mapping urban bare land automatically from Landsat
imagery with a simple index,” Remote Sens., vol. 9, no. 3, p. 249,
Mar. 2017.

[10] B.-C. Gao, “NDWI—A normalized difference water index for remote
sensing of vegetation liquid water from space,” Remote Sens. Environ.,
vol. 58, no. 3, pp. 257–266, 1996.

[11] H. Xu, “Modification of normalised difference water index (NDWI) to
enhance open water features in remotely sensed imagery,” Int. J. Remote
Sens., vol. 27, no. 14, pp. 3025–3033, Jul. 2006.

[12] G. N. Rutherford, A. Guisan, and N. E. Zimmermann, “Evaluating
sampling strategies and logistic regression methods for modelling com-
plex land cover changes,” J. Appl. Ecol., vol. 44, no. 2, pp. 414–424,
Mar. 2007.

[13] Q. Du and C.-I. Chang, “A linear constrained distance-based discrimi-
nant analysis for hyperspectral image classification,” Pattern Recognit.,
vol. 34, no. 2, pp. 361–373, Feb. 2001.

[14] U. Maulik and I. Saha, “Automatic fuzzy clustering using modified
differential evolution for image classification,” IEEE Trans. Geosci.
Remote Sens., vol. 48, no. 9, pp. 3503–3510, Sep. 2010.

[15] Y. Fu et al., “An improved combination of spectral and spatial features
for vegetation classification in hyperspectral images,” Remote Sens.,
vol. 9, no. 3, p. 261, Mar. 2017.

[16] K. Tatsumi, Y. Yamashiki, M. A. Canales Torres, and C. L. R. Taipe,
“Crop classification of upland fields using random forest of time-
series Landsat 7 ETM+ data,” Comput. Electron. Agricult., vol. 115,
pp. 171–179, Jul. 2015.

[17] C. Adede, R. Oboko, P. W. Wagacha, and C. Atzberger, “A mixed
model approach to vegetation condition prediction using artificial neural
networks (ANN): Case of Kenya’s operational drought monitoring,”
Remote Sens., vol. 11, no. 9, p. 1099, May 2019.

[18] C. Zhang et al., “A hybrid MLP-CNN classifier for very fine resolution
remotely sensed image classification,” ISPRS J. Photogramm. Remote
Sens., vol. 140, pp. 133–144, Jun. 2018.

[19] L. Wang, R. Li, C. Duan, C. Zhang, X. Meng, and S. Fang, “A novel
transformer based semantic segmentation scheme for fine-resolution
remote sensing images,” 2021, arXiv:2104.12137. [Online]. Available:
http://arxiv.org/abs/2104.12137

[20] Z. Liu, P. Luo, X. Wang, and X. Tang, “Deep learning face attributes
in the wild,” in Proc. IEEE Int. Conf. Comput. Vis. (ICCV), Dec. 2015,
pp. 3730–3738.

[21] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training
of deep bidirectional transformers for language understanding,” 2018,
arXiv:1810.04805. [Online]. Available: http://arxiv.org/abs/1810.04805

[22] D. S. Park et al., “SpecAugment: A simple data augmentation method
for automatic speech recognition,” 2019, arXiv:1904.08779. [Online].
Available: http://arxiv.org/abs/1904.08779

[23] R. Li, S. Zheng, C. Duan, Y. Yang, and X. Wang, “Classification of
hyperspectral image based on double-branch dual-attention mechanism
network,” Remote Sens., vol. 12, no. 3, p. 582, Feb. 2020.

[24] R. Li and C. Duan, “ABCNet: Attentive bilateral contextual
network for efficient semantic segmentation of fine-resolution
remote sensing images,” 2021, arXiv:2102.02531. [Online]. Available:
http://arxiv.org/abs/2102.02531

[25] R. Li, S. Zheng, C. Duan, J. Su, and C. Zhang, “Multistage attention
ResU-Net for semantic segmentation of fine-resolution remote sensing
images,” IEEE Geosci. Remote Sens. Lett., early access, Mar. 15, 2021,
doi: 10.1109/LGRS.2021.3063381.

[26] J. Long, E. Shelhamer, and T. Darrell, “Fully convolutional networks
for semantic segmentation,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit. (CVPR), Jun. 2015, pp. 3431–3440.

[27] V. Badrinarayanan, A. Kendall, and R. Cipolla, “SegNet: A deep
convolutional encoder-decoder architecture for image segmentation,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 39, no. 12, pp. 2481–2495,
Dec. 2017.

[28] O. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutional net-
works for biomedical image segmentation,” in Proc. Int. Conf. Med.
Image Comput. Comput.-Assist. Intervent. Cham, Switzerland: Springer,
2015, pp. 234–241.

[29] G. Lin, A. Milan, C. Shen, and I. Reid, “RefineNet: Multi-path
refinement networks for high-resolution semantic segmentation,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017,
pp. 1925–1934.

[30] A. Sinha and J. Dolz, “Multi-scale self-guided attention for medical
image segmentation,” IEEE J. Biomed. Health Informat., vol. 25, no. 1,
pp. 121–130, Jan. 2021.

[31] L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethinking atrous
convolution for semantic image segmentation,” 2017, arXiv:1706.05587.
[Online]. Available: http://arxiv.org/abs/1706.05587

[32] L.-C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam, “Encoder-
decoder with atrous separable convolution for semantic image segmen-
tation,” in Proc. Eur. Conf. Comput. Vis. (ECCV), 2018, pp. 801–818.

[33] H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid scene parsing
network,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jul. 2017, pp. 2881–2890.

[34] F. Yu and V. Koltun, “Multi-scale context aggregation by dilated
convolutions,” 2015, arXiv:1511.07122. [Online]. Available:
http://arxiv.org/abs/1511.07122

[35] H. Zhang et al., “Context encoding for semantic segmentation,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Jun. 2018,
pp. 7151–7160.

[36] H. Wu, J. Zhang, K. Huang, K. Liang, and Y. Yu, “FastFCN: Rethinking
dilated convolution in the backbone for semantic segmentation,” 2019,
arXiv:1903.11816. [Online]. Available: http://arxiv.org/abs/1903.11816

[37] W. Liu, A. Rabinovich, and A. C. Berg, “ParseNet: Looking
wider to see better,” 2015, arXiv:1506.04579. [Online]. Available:
http://arxiv.org/abs/1506.04579

[38] A. Radford, K. Narasimhan, T. Salimans, and I. Sutskever. (2018).
Improving Language Understanding By Generative Pre-Training.
[Online]. Available: https://s3-us-west-2.amazonaws.com/openai-assets/
researchcovers/languageunsupervised/languageUnderstand.paper.pdf

Authorized licensed use limited to: Universidad Tecnologica de Pereira. Downloaded on April 26,2022 at 11:47:10 UTC from IEEE Xplore.  Restrictions apply. 

http://dx.doi.org/10.1109/LGRS.2021.3063381


5607713 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

[39] A. Radford, J. Wu, R. Child, D. Luan, D. Amodei, and I. Sutskever,
“Language models are unsupervised multitask learners,” OpenAI Blog,
vol. 1, no. 8, p. 9, 2019.

[40] A. Vaswani et al., “Attention is all you need,” 2017, arXiv:1706.03762.
[Online]. Available: http://arxiv.org/abs/1706.03762

[41] X. Wang, R. Girshick, A. Gupta, and K. He, “Non-local neural net-
works,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun. 2018,
pp. 7794–7803.

[42] H. Zhang, I. Goodfellow, D. Metaxas, and A. Odena, “Self-attention
generative adversarial networks,” in Proc. Int. Conf. Mach. Learn., 2019,
pp. 7354–7363.

[43] I. Bello, B. Zoph, Q. Le, A. Vaswani, and J. Shlens, “Attention aug-
mented convolutional networks,” in Proc. IEEE/CVF Int. Conf. Comput.
Vis. (ICCV), Oct. 2019, pp. 3286–3295.

[44] J. Fu et al., “Dual attention network for scene segmentation,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2019,
pp. 3146–3154.

[45] Y. Li et al., “Attention-guided unified network for panoptic segmenta-
tion,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2019, pp. 7026–7035.

[46] R. Child, S. Gray, A. Radford, and I. Sutskever, “Generating long
sequences with sparse transformers,” 2019, arXiv:1904.10509. [Online].
Available: http://arxiv.org/abs/1904.10509

[47] N. Kitaev, L. Kaiser, and A. Levskaya, “Reformer: The efficient trans-
former,” in Proc. Int. Conf. Learn. Represent., 2019, pp. 1–12.

[48] A. Katharopoulos, A. Vyas, N. Pappas, and F. Fleuret, “Transformers are
RNNs: Fast autoregressive transformers with linear attention,” in Proc.
Int. Conf. Mach. Learn., 2020, pp. 5156–5165.

[49] S. Zhuoran, Z. Mingyuan, Z. Haiyu, Y. Shuai, and L. Hongsheng,
“Efficient attention: Attention with linear complexities,” in Proc. IEEE
Winter Conf. Appl. Comput. Vis. (WACV), Jan. 2021, pp. 3531–3539.

[50] L. Itti and C. Koch, “Computational modelling of visual attention,”
Nature Rev. Neurosci., vol. 2, no. 3, pp. 194–203, Mar. 2001.

[51] D. Gao, S. Han, and N. Vasconcelos, “Discriminant saliency, the detec-
tion of suspicious coincidences, and applications to visual recognition,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 31, no. 6, pp. 989–1005,
Jun. 2009.

[52] O. Le Meur, P. Le Callet, D. Barba, and D. Thoreau, “A coherent com-
putational approach to model bottom-up visual attention,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 28, no. 5, pp. 802–817, May 2006.

[53] W. Wang and J. Shen, “Deep visual attention prediction,” IEEE Trans.
Image Process., vol. 27, no. 5, pp. 2368–2378, May 2018.

[54] Y.-H.-H. Tsai, S. Bai, M. Yamada, L.-P. Morency, and R. Salakhutdinov,
“Transformer dissection: An unified understanding for transformer’s
attention via the lens of kernel,” in Proc. Conf. Empirical Methods
Natural Lang. Process., 9th Int. Joint Conf. Natural Lang. Process.
(EMNLP-IJCNLP), 2019, pp. 4335–4344.

[55] B. Schölkopf et al., Learning With Kernels: Support Vector Machines,
Regularization, Optimization, and Beyond. Cambridge, MA, USA: MIT
Press, 2002.

[56] L. Wasserman, All of Nonparametric Statistics (Springer Texts in Sta-
tistics). New York, NY, USA: Springer-Verlag, 2006.

[57] D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine translation by
jointly learning to align and translate,” 2014, arXiv:1409.0473. [Online].
Available: http://arxiv.org/abs/1409.0473

[58] J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation networks,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Jun. 2018,
pp. 7132–7141.

[59] S. Woo, J. Park, J.-Y. Lee, and I. S. Kweon, “CBAM: Convolutional
block attention module,” in Proc. Eur. Conf. Comput. Vis. (ECCV), 2018,
pp. 3–19.

[60] L.-C. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille,
“Semantic image segmentation with deep convolutional nets and
fully connected CRFs,” 2014, arXiv:1412.7062. [Online]. Available:
http://arxiv.org/abs/1412.7062

[61] Z. Zhou, M. M. R. Siddiquee, N. Tajbakhsh, and J. Liang, “UNet++:
A nested U-Net architecture for medical image segmentation,” in Deep
Learning in Medical Image Analysis and Multimodal Learning for Clin-
ical Decision Support. Cham, Switzerland: Springer, 2018, pp. 3–11.

[62] H. Huang et al., “UNet 3+: A full-scale connected UNet for medical
image segmentation,” in Proc. IEEE Int. Conf. Acoust., Speech Signal
Process. (ICASSP), May 2020, pp. 1055–1059.

[63] R. Li, C. Duan, S. Zheng, C. Zhang, and P. M. Atkinson, “MACU-Net
for semantic segmentation of fine-resolution remotely sensed images,”
IEEE Geosci. Remote Sens. Lett., early access, Feb. 1, 2021, doi:
10.1109/LGRS.2021.3052886.

[64] X. Qin, Z. Zhang, C. Huang, M. Dehghan, O. R. Zaiane, and
M. Jagersand, “U2-Net: Going deeper with nested U-structure for
salient object detection,” Pattern Recognit., vol. 106, Oct. 2020,
Art. no. 107404.

[65] N. Ibtehaz and M. S. Rahman, “MultiResUNet: Rethinking the U-Net
architecture for multimodal biomedical image segmentation,” Neural
Netw., vol. 121, pp. 74–87, Jan. 2020.

[66] C. Guo, C. Li, J. Guo, R. Cong, H. Fu, and P. Han, “Hierarchical features
driven residual learning for depth map super-resolution,” IEEE Trans.
Image Process., vol. 28, no. 5, pp. 2545–2557, May 2019.

[67] Y. Yuan, X. Chen, X. Chen, and J. Wang, “Segmentation transformer:
Object-contextual representations for semantic segmentation,” 2019,
arXiv:1909.11065. [Online]. Available: http://arxiv.org/abs/1909.11065

[68] Y. Chen, Y. Kalantidis, J. Li, S. Yan, and J. Feng, “A2-Nets: Double
attention networks,” in Proc. 32nd Int. Conf. Neural Inf. Process. Syst.,
2018, pp. 350–359.

[69] H. Zhao et al., “PSANet: Point-wise spatial attention network for scene
parsing,” in Proc. Eur. Conf. Comput. Vis. (ECCV), 2018, pp. 267–283.

[70] Y. Yuan, L. Huang, J. Guo, C. Zhang, X. Chen, and J. Wang, “OCNet:
Object context network for scene parsing,” 2018, arXiv:1809.00916.
[Online]. Available: http://arxiv.org/abs/1809.00916

[71] H. Zhang, H. Zhang, C. Wang, and J. Xie, “Co-occurrent features in
semantic segmentation,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit. (CVPR), Jun. 2019, pp. 548–557.

[72] Z. Huang, X. Wang, L. Huang, C. Huang, Y. Wei, and W. Liu, “CCNet:
Criss-cross attention for semantic segmentation,” in Proc. IEEE/CVF
Int. Conf. Comput. Vis. (ICCV), Oct. 2019, pp. 603–612.

[73] F. Zhang et al., “ACFNet: Attentional class feature network for semantic
segmentation,” in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV),
Oct. 2019, pp. 6798–6807.

[74] L. Huang, Y. Yuan, J. Guo, C. Zhang, X. Chen, and J. Wang,
“Interlaced sparse self-attention for semantic segmentation,” 2019,
arXiv:1907.12273. [Online]. Available: http://arxiv.org/abs/1907.12273

[75] Y. Cao, J. Xu, S. Lin, F. Wei, and H. Hu, “GCNet: Non-local networks
meet squeeze-excitation networks and beyond,” in Proc. IEEE/CVF Int.
Conf. Comput. Vis. Workshop (ICCVW), Oct. 2019.

[76] X. Li, Z. Zhong, J. Wu, Y. Yang, Z. Lin, and H. Liu, “Expectation-
maximization attention networks for semantic segmentation,” in Proc.
IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2019, pp. 9167–9176.

[77] Y. Chen, M. Rohrbach, Z. Yan, Y. Shuicheng, J. Feng, and Y. Kalantidis,
“Graph-based global reasoning networks,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), Jun. 2019, pp. 433–442.

[78] S. Zhang, X. He, and S. Yan, “LatentGNN: Learning efficient non-local
relations for visual recognition,” in Proc. Int. Conf. Mach. Learn., 2019,
pp. 7374–7383.

[79] B. Wu et al., “Visual transformers: Token-based image representation
and processing for computer vision,” 2020, arXiv:2006.03677. [Online].
Available: http://arxiv.org/abs/2006.03677

[80] X. Liang, Z. Hu, H. Zhang, L. Lin, and E. P. Xing, “Symbolic graph
reasoning meets convolutions,” in Proc. 32nd Int. Conf. Neural Inf.
Process. Syst., 2018, pp. 1858–1868.

[81] Y. Li and A. Gupta, “Beyond grids: Learning graph representations for
visual recognition,” in Proc. 32nd Int. Conf. Neural Inf. Process. Syst.,
2018, pp. 9245–9255.

[82] Q. Liu, M. Kampffmeyer, R. Jenssen, and A.-B. Salberg, “Dense dilated
convolutions’ merging network for land cover classification,” IEEE
Trans. Geosci. Remote Sens., vol. 58, no. 9, pp. 6309–6320, Sep. 2020.

[83] N. Audebert, B. Le Saux, and S. Lefèvre, “Beyond RGB: Very high
resolution urban remote sensing with multimodal deep networks,” ISPRS
J. Photogramm. Remote Sens., vol. 140, pp. 20–32, Jun. 2018.

[84] L. Ding, H. Tang, and L. Bruzzone, “LANet: Local attention embedding
to improve the semantic segmentation of remote sensing images,” IEEE
Trans. Geosci. Remote Sens., vol. 59, no. 1, pp. 426–435, Jan. 2021.

[85] K. Yue, L. Yang, R. Li, W. Hu, F. Zhang, and W. Li, “TreeUNet:
Adaptive tree convolutional neural networks for subdecimeter aerial
image segmentation,” ISPRS J. Photogramm. Remote Sens., vol. 156,
pp. 1–13, Oct. 2019.

[86] X. Zheng, L. Huan, G.-S. Xia, and J. Gong, “Parsing very high
resolution urban scene images by learning deep ConvNets with edge-
aware loss,” ISPRS J. Photogramm. Remote Sens., vol. 170, pp. 15–28,
Dec. 2020.

[87] A. Srinivas, T.-Y. Lin, N. Parmar, J. Shlens, P. Abbeel, and
A. Vaswani, “Bottleneck transformers for visual recognition,” 2021,
arXiv:2101.11605. [Online]. Available: http://arxiv.org/abs/2101.11605

[88] Q. Zhang and Y. Yang, “ResT: An efficient transformer for
visual recognition,” 2021, arXiv:2105.13677. [Online]. Available:
http://arxiv.org/abs/2105.13677

Authorized licensed use limited to: Universidad Tecnologica de Pereira. Downloaded on April 26,2022 at 11:47:10 UTC from IEEE Xplore.  Restrictions apply. 

http://dx.doi.org/10.1109/LGRS.2021.3052886


LI et al.: MANet FOR SEMANTIC SEGMENTATION OF FINE-RESOLUTION REMOTE SENSING IMAGES 5607713

Rui Li (Member, IEEE) received the bachelor’s
degree from the School of Automation Science and
Engineering, South China University of Technology,
Guangzhou, China, in 2019. He is pursuing the mas-
ter’s degree with the School of Remote Sensing and
Information Engineering, Wuhan University, Wuhan,
China.

His research interests include semantic segmen-
tation, hyperspectral image classification, and deep
learning.

Shunyi Zheng received the Ph.D. degree from the
State Key Laboratory of Information Engineering in
Surveying, Mapping, and Remote Sensing, Wuhan
University, Wuhan, China, in 2002.

He is a Professor at the School of Remote Sens-
ing and Information Engineering, Wuhan University.
His research interests include remote sensing data
processing, digital photogrammetry, and 3-D recon-
struction.

Dr. Zheng received the First Prize for Scien-
tific and Technological Progress in Surveying and
Mapping, China, in 2012 and 2019.

Ce Zhang received the Ph.D. degree in geography
from the Lancaster Environment Centre, Lancaster
University, Lancaster, U.K., in 2018.

He is a Lecturer in geospatial data science at the
Centre of Excellence in Environmental Data Science
(CEEDS), joint venture between Lancaster Univer-
sity and the U.K. Centre for Ecology & Hydrology
(UKCEH), Lancaster. His major research interests
include geospatial artificial intelligence, machine
learning, deep learning, and remotely sensed image
analysis.

Dr. Zhang was a recipient of the prestigious European Union (EU) Erasmus
Mundus Scholarship for a European Joint M.Sc. Program between the
University of Twente, Enschede, The Netherlands, and the University of
Southampton, Southampton, U.K.

Chenxi Duan (Member, IEEE) received the bach-
elor’s degree from the College of Geology Engi-
neering and Geomatics, Chang’an University, Xi’an,
China, in 2019. She is pursuing a master’s degree
with the State Key Laboratory of Information Engi-
neering in Surveying, Mapping, and Remote Sens-
ing, Wuhan University, Wuhan, China.

Her research interests include cloud removal,
numerical optimization, and machine learning.

Jianlin Su received the master’s degree from the
School of Mathematics, Sun Yat-sen University,
Guangzhou, China, in 2019.

He is a Senior Researcher at Shenzhen Zhuiyi
Technology Company Ltd., Shenzhen, China. His
research interests are focused on the generative
model, including the language model and Seq2Seq
in natural language processing, and the genera-
tive adversarial networks (GAN), variational auto-
encoder (VAE), and flow in computer vision.
Besides, he is also interested in the basic theory of

machine learning. His homepage is http://jianlin.su

Libo Wang (Graduate Student Member, IEEE)
received the M.Sc. degree from the School of
Remote Sensing and Information Engineering,
Wuhan University, Wuhan, China, in 2019, where
he is pursuing the Ph.D. degree.

His research interests include computer vision and
remote sensing image analysis.

Peter M. Atkinson received the M.B.A. degree from
the University of Southampton, Southampton, U.K.,
in 2012, and the Ph.D. degree from the University
of Sheffield, Sheffield, U.K. (NERC CASE Award
with Rothamsted Experimental Station), in 1990.

He is the Dean of the Faculty of Science and
Technology with Lancaster University, Lancaster,
U.K. He was previously a Professor of geography
with the University of Southampton, where he is
a Visiting Professor. He previously held the Belle
van Zuylen Chair with Utrecht University, Utrecht,

The Netherlands. He is also a Visiting Professor with Queen’s University
Belfast, Belfast, U.K., and the Chinese Academy of Sciences, Beijing,
China. He has authored more than 270 peer-reviewed articles in international
scientific journals and around 50 refereed book chapters. He has also edited
nine journal special issues and eight books. His research interests include
remote sensing, geographical information science, and spatial (and space–
time) statistics applied to a range of environmental science and socioeconomic
problems.

Dr. Atkinson was a recipient of the Peter Burrough Award of the Interna-
tional Spatial Accuracy Research Association. He is also an Editor-in-Chief of
Science of Remote Sensing, a sister journal of Remote Sensing of Environment.
He is also an Associate Editor of Computers and Geosciences. He is on the
Editorial Board of several further journals, including Geographical Analysis,
Spatial Statistics, the International Journal of Applied Earth Observation and
Geoinformation, and Journal of Environmental Informatics. He sits on various
international scientific committees.

Authorized licensed use limited to: Universidad Tecnologica de Pereira. Downloaded on April 26,2022 at 11:47:10 UTC from IEEE Xplore.  Restrictions apply. 


